Bacteriophages are the most abundant and diverse biological entities on the planet, and new phage 12 genomes are being discovered at a rapid pace from metagenomes. As more novel, uncultured phage 13 genomes are published, new tools are needed for placing these genomes in an ecological and 14 evolutionary context. Phages are difficult to study with phylogenetic methods, because they exchange 15 genes regularly, and no single gene is conserved across all phages. Instead, genome-level networks 16 have been used to group similar viruses into clusters for taxonomy. Here, we show that gene-level 17 networks provide a high-resolution view of phage genetic diversity and offer a novel perspective on 18 virus ecology. To that end, we developed a method that identifies informative associations between a 19 phage's annotated host and clusters of genes in the network. Given these associations, we were able to 20 predict a phage's host with 86% accuracy at the genus level, while also identifying genes that underlie 21 these virus-host interactions. This approach, thus, provides one of the most accurate means of host 22 prediction while also pointing to directions for future empirical work. 23 24 42 et al. 1999), and genome-level classification is, therefore, difficult. To overcome these challenges, 43
Except for strain-level variation of a particular virus, traditional phylogenetic methods cannot 39 be applied to derive a "species" tree for phages. There are no universal genes shared by all phages, and 40 horizontal gene transfer (HGT) between viruses is common. In essence, every phage genome is a 41 mosaic that reflects the often disparate evolutionary histories of its genes (Pedulla et al. 2003, Hendrix homologous phage protein sequences, and two nodes are connected if these genes are found in the 73 same genome. Homologous genes were identified with as low as 35% identity via clustering by usearch 74 (Edgar 2010). Singleton and doubleton clusters were removed from consideration to increase the 75 reliability of connections between genes. This filter yielded a final set of 8,847 gene clusters from 76 across 913 phage genomes, dropping 32 phage genomes from primarily under-sampled, tailless phage 77 families, which are often underrepresented in metaviromes (Steward et al. 2013) . 78
In each network, there exist subsets of nodes that form subgraphs in which members have more 79 connections in common with each other than with the rest of the network. We formally identified these 80 subsets of interconnected nodes using the Markov Clustering Algorithm (MCL) (Enright et al. 2002) . 81 MCL relies on an inflation parameter that transforms the adjacency matrix of the underlying network. 82
Higher inflation values generally yield more clusters from a network, and others have previously used a 83 measure of cohesion within subgraphs, the "intracluster clustering coefficient" (ICCC), to optimize this 84 parameter choice for virus taxonomy (Roux et al. 2015 , Lima-Mendez et al. 2008 . Using this metric, 85
we chose an inflation factor of 6 for the genome network and 4.1 for the gene network (see Figure S1 ). 86
These values correspond to 209 clusters in the genome network and 135 clusters in the gene network. 87
As seen in Figure 2 , the MCL clusters in the gene network appear to provide a cleaner visualization of 88 virus diversity than clusters in the genome network. 89 90
Clusters of phage genes are associated with phage host genera 91
Given the gene and genome networks, we then recolored the nodes according to the phage host genus 92 ( Figure 3 ). In the gene network, each node represents a set of homologous genes, and only the most 93 common host associated with these homologs is indicated for each node. As can be seen in Figure 3 , 94 phage host was poorly associated with graphical clustering in the genome network but maps closely to 95 graphical clusters in the gene network. In fact, for several hosts, distinct clusters could be identified in 96 the gene network that correspond at the species or strain-level of the phage host (see Figure 4 ). 97
In the case of Bacillus phages, genes are found in clusters corresponding to their annotated host 
Quantifying and optimizing associations between network clusters and phage hosts 129
We next sought to quantify the reliability of these visible associations and to ask if subsets of genes 130 7 host associations. 145
To address this hypothesis, we developed an evolutionary algorithm, mimax, to identify the 146 subset of genes that maximizes the mutual information of MCL clusters and hosts. The mimax 147 algorithm works as follows: in each iteration, an MCL cluster in the gene network is removed from a 148 matrix of cluster-host associations at random. If doing so would result in removing a phage genome 149 from the dataset, the deletion is rejected. If no genomes are lost, then the mutual information of the new 150 matrix is calculated. If this value exceeds the value from the previous iteration, the deletion is retained, 151 otherwise it is rejected. Because the mimax algorithm depends on removing uninformative clusters of 152 genes, it should be more effective when there are more clusters from which to choose. When applied to 153 the 135 clusters previously found in the gene network, mimax removed 47 clusters containing 1375 154 genes (~15% of the dataset), resulting in a modest improvement in mutual information but still falling 155 short of the value observed in the genome network. 156
Three methods have been suggested to increase the granularity of MCL clusters (see MCL clusters and associated genes within the gene network to 483.5 and 4070.6, respectively. These 169 deletions suggest that over half of the genes in the gene network are uninformative with respect to host 170 range. 171
Two questions emerge from maximizing the mutual information between graphical clusters and 172 host associations: 1) Are the retained genes more closely associated with functions characteristic of 173 phage-host interactions? and 2) can the resulting gene network be used as a tool for predicting the 174 primary host of phages? 175
To address the first question, we annotated the complete and mimax-reduced sets of genes using 176 RAST (Aziz et al. 2008). We then compared the frequency of common annotations of non-hypothetical 177 proteins for each set of genes (see Table S1 and Figure S3 ). Phage baseplate, neck, replication, and 178 DNA synthesis genes are over-represented following mimax, whereas phage packaging and regulatory 179 genes are under-represented. Phage baseplate proteins directly affect virus adsorption to host receptors 180 (Mahony and van Sinderen 2015), suggesting that gene function does affect mimax results. 181
The cluster-host correspondence in the mimax-reduced gene network offers a novel means to 182 predict a phage's host. Given a phage's genome, we identified all genes that belong to the mimax-183 reduced set. We then recorded how often each potential host was associated with a homolog of one of 184 these remaining genes (excluding a phage's own contribution if already within the network). Finally, 185
we chose the most frequent host affiliated with this subset of genes as the predicted host. (See the 186 Supplemental Methods for additional details of the procedure.) When applied to all phage in the 187 network, this approach predicted the host genus with 86% accuracy. If the full gene network is used in 188 place of the mimax-reduced network, accuracy declines to 72%. This difference confirms that the 189 mimax procedure reduces the gene network to a set of genes with stronger ties to phage host 190 determination.
host genus in order to account for uneven sampling of phages across hosts ( tended to predict that phage infect closely-related hosts (see Table 1 ). Improving the accuracy of 200 predictions within these groups requires additional sampling and wet lab characterization of phages 201 from across host genera. We should also be careful when assessing the quality of negative predictions. 202
While phage host range can be exceptionally specific, many phages infect multiple genera (Hamdi et 203 al. 2017 , Jensen et al. 1998 or even across phyla (Malki et al. 2015) , and additional lab work is 204 required to confirm that putatively incorrect predictions are not, in fact, false negative results. 205
We next tested this approach with a set of novel phages not included in the original gene 206 network. Over 1000 new phage genomes have been published since we built our original network. We 207 chose 500 phage genomes at random from this new set. Of these, 185 were annotated as infecting hosts 208 already included in our network. The genes in these phages were assigned to the mimax-reduced set of 209 MCL clusters identified previously. While 52 of these phages shared no genes in the mimax set with 210 any phages in our original dataset, for the remaining 133 phage, our procedure predicted the host genus 211 67.7% of the time (see Table S2 ). Moreover, accuracy remained high for well-sampled hosts, such as 212
Mycobacterium and Escherichia, but was low for others, such as Bacillus, that we could previously 213 predict with over 90% accuracy. This discrepancy suggests that a gene network approach to host 214 prediction should be updated regularly to account for the frequent addition of new virus genomes to 10 217
Conclusion 218
In this work, we have shown that gene-level networks provide both a high-resolution view of viral 219 genetic diversity and a means to connect specific groups of genes to broad patterns in viral ecology. 220 When applied to virus host range, phage gene clusters correlated with a phage's annotated host, and 221 proximity of clusters in the network reflected the evolutionary relatedness of these hosts. Using an 222 evolutionary algorithm, mimax, we were then able to identify specific groups of genes with the 223 strongest correlation to virus host range. The mimax-reduced dataset was enriched for genes known to 224 affect host recognition, and the enhanced network offers one of the most accurate means of host 225 prediction to date. 226
This approach should be extensible to aspects of viral ecology beyond host range, including 227 isolation source (e.g. freshwater, marine, soil, leaf, gut, hospital, etc.) and abiotic or biotic factors that 228 vary across locations (e.g. temperature, pH, O2, nutrient concentrations, and available host diversity). 454  455  456  457  458  459  460 
